In this contribution objective measures for quality assessment of speech signals are evaluated for listeningroom compensation algorithms. Dereverberation of speech signals by means of equalization of the room impulse response and reverberation suppression has been an active research topic within the last years. However, no commonly accepted objective quality measures exist for assessment of the enhancement achieved by those algorithms. This paper discusses several objective quality measures and their applicability for dereverberation of speech signals focusing on algorithms for listening-room compensation.
INTRODUCTION
State-of-the-art hands-free communication devices as they are used e.g. in offices or car environments use algorithms to reduce ambient noise, acoustic echoes and reverberation. Reverberation is caused by numerous reflections of the signal on room boundaries (walls, floor and ceiling) in enclosed spaces. Reverberant speech sounds distant and echoic [1] . Large amounts of reverberation decrease speech intelligibility and perceived quality at the position of the near-end speaker of a communication system [2] [3] [4] . In general, two distinct reverberation reduction classes exist, viz. reverberation suppression and reverberation cancellation. Reverberation suppression approaches focus on removing the reverberant part of the speech signal by calculating a spectral weighting rule for each time-frequency coefficient in a way similar to well-known approaches for noise reduction (cf. e.g. [5] and the references therein). Reverberation cancellation approaches remove the influence of the acoustic channel between the sound source and the listener by equalizing the room impulse response (RIR) of the channel. This knowledge can be obtained by means of blind [6] or non-blind [7] system identification. The equalizer can be applied to the loudspeaker signal or the microphone signal. Listening-room compensation is achieved in the former case, i.e. when the equalizer is applied to the signal that is emitted by the loudspeaker such that the influence of reverberation on the perceived signal is reduced at the position the listener is assumed to be located. In order to compute the equalizer one requires knowledge of the RIR, which in the context of listeningroom compensation (LRC) is often obtained using nonblind system identification [7] [8] [9] . This contribution focuses on such non-blind approaches for LRC. While the aim of LRC algorithms is to improve the sound quality of the dereverberated signal, they may also decrease the sound quality if they are not designed properly [7, 10] . Thus, especially during algorithm design periods a reliable objective quality measure is required to evaluate and compare different algorithms and their parameters. It should be noted that at least the signal-based objective quality measures that will be described in Section 4.2 are applicable for quality assessment of all kinds of dereverberation algorithms.
In general, whenever signal processing strategies change a signal, e.g. to enhance speech quality, speech intelligibility, listening effort, etc., the question arises how to assess the achieved enhancement. Since subjective listening tests that involve humans are not applicable in every case because they are time consuming and costly, objective quality measures that assess the performance of the dereverberation algorithm based on impulse responses, transfer functions or signals are needed [11] . While several commonly accepted quality measures exist to assess the performance of noise reduction algorithms or acoustic echo cancellers, the assessment of dereverberation algorithms is still an open issue [1, 10, 12] .
This work discusses several measures that can be used for evaluating dereverberation algorithms. An evaluation of the sound quality of the dereverberated signals was conducted by subjective listening tests and compared to the results of the objective measures. As previously shown by the authors [10] , most signal-based measures have difficulties to assess the performance of dereverberation algorithms properly, especially if distortions are introduced that are small in amplitude but clearly perceivable by the human listener. However, especially these measures are of particular interest since, e.g. for nonlinear dereverberation suppression approaches, channelbased measures may not be applicable since the impulse response of such an algorithm may be neither linear nor time-invariant. Thus, artifacts that may be introduced by the dereverberation algorithms such as late echoes or spectral distortions, and their effect on the quality measures are analyzed and discussed. The algorithms were analyzed regarding their capability to assess the properties reverberation, coloration, spectral distortion, perceived distance, and overall quality of the signals. Since objective measures that rely on purely technical energy ratios, as it is common for quality assessment for noise reduction algorithms, do not show good correlation to subjective tests [13] , we will particularly focus on quality measures that incorporate knowledge about the human auditory system for quality assessment.
The remainder of this paper is organized as follows. Methods for LRC that were used for generating the test signals are briefly summarized in Section 2 and some general remarks on quality assessment for LRC algorithms are given in Section 3. Section 4 gives an overview of objective quality measures that principally can be used for quality assessment of LRC algorithms and Section 5 describes the experimental setup for the subjective listening tests. Results of the correlation analysis are presented in Section 6 and Section 7 concludes the paper.
Notation:
The following notation is used throughout the paper. Vectors and matrices are printed in boldface while scalars are printed in italic. The discrete time and frequency indices are denoted by n and k, respectively. The superscripts (·) T and (·) + denote the transposition and the Moore-Penrose pseudoinverse, respectively. The operator * denotes the convolution of two sequences, E{·} is the expectation operator, and the operator convmtx{h, L EQ } generates a convolution matrix of size (L EQ + L h − 1) × L EQ . The operator diag{·} yields a matrix of size L × L from a vector of size L × 1 that has the vector's elements on its main diagonal and zeros elsewhere.
LISTENING-ROOM COMPENSATION
For LRC the equalization filter
of length L EQ precedes the acoustic channel characterized by the RIR
of length L h . The aim of the equalizer is to remove the influence of the RIR at the position of the reference microphone [8, 14] and, by this, to remove reverberation from the signal. A general setup for listening-room compensation is shown in Fig. 1 . Four different LRC approaches were used to generate sound samples with the goal of covering a large amount of distortions that may occur while using such algorithms. These four approaches are briefly introduced in the following. For a deeper discussion of the LRC algorithms please refer to the respective references. Since an RIR is a mixed-phase system having thousands of zeros close to or even outside the unit-circle in zdomain, a direct inversion by a causal stable filter is not possible in general [15] . Therefore, least-squares approaches focus on minimizing the error vector
where H = convmtx {h, L EQ } is the channel convolution matrix built up by the RIR coefficients and
is the desired response of length L h + L EQ − 1 with n 0 being the delay introduced by the equalizer (cf. [16] for a discussion of n 0 ). Rather than minimizing the norm of the error vector, one can minimize the norm of a weighted error vector. By a proper choice of a weighting vector, RIR shortening or RIR shaping can be achieved. Preferably, the weighting is based on the psychoacoustic property of masking observed in the human auditory system in order to alleviate perceptually disturbing late echoes [17, 18] . Hence, minimizing the ℓ 2 -norm of the weighted error vector We EQ leads to a weighted leastsquares equalizer
with
w i = 10 3α log 10 (N 0 /N 1 )
Here, W is a diagonal matrix containing a window weighting vector w on its main diagonal adopted from [18] with
The time of the direct sound is denoted by t 0 and α ≤ 1 is a factor that influences the steepness of the window. For α = 1 the window corresponds to the masking found in human subjects [17, 18] .
Another approach for RIR shaping was discussed in [19] and is based on the solution of a generalized eigenvalue problem
Similar to (5), W u and W d are diagonal matrices with window functions defining a desired part of the RIR and an undesired part of the RIR. The greatest eigenvalue is denoted by λ max in (9) . To avoid spectral distortion a post-processor based on linear prediction [19] is used after applying (9) . For a more detailed discussion the reader is referred to [18, 19] .
An approach that jointly shapes the impulse response (IR) of the equalized system and minimizes spectral distortions is described in [18] . Additionally, the psychoacoustic property of masking is exploited during the filter design in [18] . Table 1 summarizes the four approaches and the respective acronyms used for LRC and for generating dereverberated signals that were used for the subjective tests described in Section 5.
Acronym Description of method 1.
LS-EQ Least-squares equalizer according to (5) without weighting of error signal (w = 1) 2.
WLS-EQ Least-squares equalizer according to (5) with window function according to (7) 3.
ISwPP Impulse response shaping (IS) according to (9) with post-processing (PP) [19] 
4.
ISwINO Impulse response shaping (IS) with infinitynorm optimization (INO) according to [18] An RIR h that is processed by the equalizers described above is exemplarily shown in Fig. 2 in time-domain (left panels) and frequency-domain (right panels). The room reverberation time of the RIR is τ 60 = 0.5 s and the respective filter length of the equalizer is L EQ = 4096 at a sampling rate of f s = 8 kHz. The LS-EQ approach seems to show good results in the time-domain (a) as well as in the frequency-domain (b). However, although the desired system d which was chosen as a delayed high-pass is closely approximated a large amount of late reverberation can be observed e.g. around sample n = 4000. Although small in amplitude this late reverberation is clearly perceivable and disturbing since it is no longer masked by the natural decay of common RIRs [17, 18] . Furthermore, pre-echoes that occur before the main peak of the equalized channel's impulse response further disturb a natural sound perception. By applying the window as defined in (7) both pre-echoes and late echoes are reduced at the cost of a less flat transfer function in the frequency-domain (cf. sub-figures (c) and (d)). Figures 2 (e) and (f) show the impulse response shaping approach according to [19] and sub-figures (g) and (h) show the approach according to [18] that explicitly focuses on hiding all echoes below the masking curve. 
QUALITY ASSESSMENT FOR LRC ALGO-RITHMS
Within this contribution, quality assessment involving human subjects is called subjective quality assessment while quality assessment based on technical measures is denoted by the term objective. If humans are asked for their opinion about the quality of a specific sound sample they are able to assess the quality based on an internal reference. This reference is created throughout their life while listening to various sounds and allows the subject to distinguish between good quality and bad quality. Unfortunately, subjective quality assessment is time consuming and costly. Thus, especially during algorithm design and test periods reliable objective quality measures are needed that show high correlation with subjective ratings. Since no commonly accepted measure for LRC quality assessment has been identified yet, we analyzed the correlation between subjective quality ratings and various objective measures that are assumed to be applicable for LRC quality assessment as depicted in Fig. 3 . Here, the reverberant signal is processed by the LRC algorithm under test that produces a processed signal and a corresponding equalized impulse response. This signal is assessed by human subjects. The objective measures described in Section 4 either take the equalized impulse response (channel-based measures) or the processed signal (signal-based measures) as an input. The correlation between the subjective and objective ratings was determined by
where a i and b i are the subjective and objective ratings on a specific sound sample andā andb the respective mean values.
It should be noted that besides the Speech-toReverberation Modulation Energy Ratio measure all objective measures used in this contribution belong to the class of intrusive measures, which means that they explicitly need a reference signal or system while human subjects rely on their internal reference.
OBJECTIVE QUALITY ASSESSMENT
This section focuses on the description of several objective quality measures that are assumed to be capable to assess quality of signals processed by LRC algorithms. Two classes of objective quality measures for LRC can be defined: (i) measures that are based on the impulse response or the transfer function of a system (channelbased measures) and (ii) measures that are based on signals only. For LRC algorithms, both the filter impulse response c EQ and the RIR h are available during simulations. However, if gradient algorithms [14] are used to avoid computational complex matrix inversions, e.g. as in (5), or to track time-varying environments or if the effect of the dereverberation algorithm cannot be characterized in terms of an linear time invariant (LTI) impulse response, e.g. as in [5, 20, 21] , the necessary impulse responses of the room or the filter may not be accessible or it may be inappropriate to apply those measures [22] . Such situations restrict the number of applicable measures to those based on signals as described in Section 4.2.
Channel-Based Measures
Objective measures to characterize room impulse responses are mostly based on the ratio of early and late part of the RIR, see e.g. [23] . Since the IR of an equalized system v may look slightly different compared to a normal RIR some objective measures were adapted from their original definitions to account for this. Fig. 4 shows such an equalized system and illustrates the definitions of the lags n 0 , which is the position of the main peak of the impulse response, N 50 = ⌊0.05 s · f s ⌋ and N 80 = ⌊0.08 s · f s ⌋ which are the samples 50 ms and 80 ms later than the main peak, respectively. The definitions of six measures that are widely used to characterize RIRs are given in the following for the equalized system v and are also applicable for an RIR h. The ratio between the first 50 or 80 ms after the main peak to the overall energy of the RIR is called Definition and is denoted by D 50 or D 80 , respectively [23] :
The Clarity [23] , denoted here by C 50 or C 80 , is the logarithmic ratio of 50 or 80 ms after the main peak to the rest of the impulse response:
The Directto-Reverberation-Ratio DRR [24] is defined as the logarithmic ratio between the energy of the direct path of the impulse response and the energy of all reflections. However, since the direct path, in general, does not match the sampling grid, a small range around the main peak is considered as the direct path energy [5, 24] : DRR = 10log 10
Here, we chose n ∆ = 4 ms · f s . The Central Time CT [23] is no direct ratio but the center of gravity in terms of the energy of the RIR:
Additionally to the time-domain measures described above, we evaluated two common spectral channel-based measures to account for the coloration effect [2, 12] . Since equalization often aims at a flat spectrum using the variance (VAR) of the logarithmic overall transfer function V k = H k C EQ,k as an objective measure to evaluate LRC algorithms was proposed in [9, 25] :
Here, 10 |V k | is the mean logarithmic spectrum and K min and K max are the frequency indices that limit the considered frequency range in which the equalized transfer function is desired to be flat. We chose K min and K max corresponding to 200 Hz and 3700 Hz to account for a high-pass or band-pass characteristic of the desired system vector in (4). A second measure for the quality of equalization in frequencydomain is the spectral flatness measure (SFM) that is the ratio of geometric mean and the arithmetic mean of
where K denotes the number of frequency bins.
Signal-Based Measures
For non-linear dereverberation suppression approaches as in [5] , impulse responses or transfer functions are not obtainable or applicable for objective testing. Thus, such algorithms have to be evaluated based on the signals only. Several signal-based measures that exist for assessment of LRC approaches and dereverberation suppression approaches are briefly summarized in the following. Due to space limitation the interested reader is referred to the respective references. Simple measures like the Segmental Signal-to-Reverberation Ratio (SSRR) [1] are defined similarly to SNR-based measures known from noise reduction quality assessment. As al-ready known from speech quality assessment for noise reduction, quality measures incorporating models of the human auditory system show higher correlation with subjective rating [13] . The Frequency-Weighted SSRR (FWSSRR) [27] and the Weighted Spectral Slope (WSS) [27] represent a first step towards consideration of the human auditory system by analyzing the SSRR in critical bands. To account for logarithmic loudness perception within the human auditory system the Log-Spectral Distortion (LSD) compares logarithmically weighted spectra. Since dereverberation of speech is the aim in most scenarios, we also tested measures based on the LPC models such as the Log-Area Ratio (LAR) [28] , the LogLikelihood Ratio (LLR) [27] , the Itakura-Saito Distance (ISD) [27] , and the Cepstral Distance (CD) [27] . As a further extension towards modeling of the human auditory system the Bark Spectral Distortion measure (BSD) [29] compares perceived loudness incorporating spectral masking effects. Recently, objective measures have been proposed especially designed for assessment of dereverberation algorithms. For this contribution we tested the Reverberation Decay Tail (RDT) measure [30] , the Speech-toReverberation Modulation Energy Ratio (SRMR) [31] and the Objective Measure for Coloration in Reverberation (OMCR) [32] . From quality assessment in the fields of audio coding and noise reduction it is known that measures that are based on more exact models of the human auditory system show high correlation with subjective data [13] . Thus, we also tested the Perceptual Evaluation of Speech Quality (PESQ) measure [27, 33] and the Perceptual Similarity Measure (PSM, PSM t ) from PEMO-Q [34] that compares internal representations according to the auditory model of [35] .
SUBJECTIVE QUALITY ASSESSMENT
For the subjective listening tests, reverberant speech samples were calculated by first convolving room impulse responses generated by the image method [36] for a room having a size of 6 m × 4 m × 2.6 m (length × width × height) with male and female utterances. The distance between sound source and microphone was approximately 0.8 m. Room reverberation times were approximately τ 60 = {500, 1000} ms corresponding to normal and somewhat larger office environments. These reverberant speech samples were then processed by the four LRC approaches discussed in Section 2 and presented to the subjects. Filter lengths of these equalizers were L EQ = {1024, 2048, 4096, 8196} at a sampling rate of 8 kHz. The parameters α in (7) was chosen to α = 0.8.
From all generated speech samples 21 audio samples were chosen which represented a wide variety of acoustic conditions and possible distortions. These audio samples had a length of 8 s and were scaled to have the same root-mean-square value. An audiovisual presentation of the samples and the corresponding systems can be found in [37] . They were presented diotically to 24 normalhearing listeners via headphones (Sennheiser HD650) in quiet after a training period by example audio samples. Training and listening could be repeated as often as desired. A graphical user interface was programmed for the listening test based on the suggestions of [38] (with slight differences) asking to judge the attributes reverberant, colored (distorted), distant and overall quality on a continuous 5-point Mean Opinion Score (MOS) scale. An overview of the training and listening test as well as the GUI can also be obtained at [37] . For the algorithms under test, it was expected that attributes reverberant and distant would lead to similar results. Since for LRC algorithms frequency distortion is perceptually much more prominent than what usually is understood as coloration, we asked to judge coloration/distortion as one spectral attribute. This leads to the fact that common measures that were designed to judge coloration may not correlate well to the subjective data. However, these distortions dominate the spectral perception of subjective quality.
RESULTS

Rating of the Sound Samples
The subjective ratings of the sound samples [37] for the four attributes reverberant, colored/distorted, distant, and overall quality are shown in Fig. 5 by means of boxplots.
The sound samples are ordered according to their median value for the respective attribute. Consequently, the order is different for the different sub-figures. In general, the results of the shaping approaches are better than the LS approaches. Increasing the filter length of the LS-EQ does not improve the results due to the fact that despite a 'good equalization' perceptually relevant late echoes and pre-echoes are clearly perceived as disturbing by the listeners. Good ratings are achieved by the WLS-EQ and Table 2 shows the inter-attribute correlations for the given set of speech samples. As expected, the attributes reverberant and distant show high inter-attribute correlation (0.94) although the attribute distant leads to a higher interquartile range (IQR) as it can be seen comparing sub-figures (a) and (c) in Fig. 5 . Furthermore, the cor- relation between the attributes overall quality and the attributes distant as well as reverberant is high. Thus, the perceived audio quality is strongly influenced by reverberation (including late reverberation).
Correlation analyses
The correlations of subjective rating for the four attributes and the channel-based objective measures are shown in Table 3 while correlations with signal-based objective measures are shown in Table 4 . For each objective measure correlations with the subjective ratings are given for the case that all LRC approaches of Section 2 are considered (Method: All EQs) and for the case that only one LRC approach is used. For the latter case no correlation was calculated for the impulse-response shaping approach based on infinity-norm optimization because the number of sound samples was too low for a reliable correlation analysis. The highest correlation for each attribute and approach is highlighted in boldface in the tables. The reason for additionally calculating correlations for each LRC approach separately is exemplarily illustrated in Fig. 6 for the SFM. Here the SFM shows much higher correlation when a sin- gle rather than all LRC approaches are considered. However, the time-domain channel-based measures show consistent correlations for all LRC approaches. The interested reader is referred to [37] for an overview of all correlation patterns. It can be seen from Table 3 that the time-domain channel-based objective measures show high correlation with the subjective data for the attributes reverberation, distance and overall quality (with the exception of the DRR measure). The frequencydomain channel-based measures VAR and SFM show much lower correlation. However, as stated before, they may show somewhat higher correlation for single LRC approaches such as SFM for the WLS-EQ. In general, and this is also true for the signal-based measures (cf. Table 4), only low correlation was obtained with the attribute colored/distorted for all measures. This can be attributed to the fact that the source-receiver distance for our experiment (0.8 m) is larger than the critical distance.
As shown in Fig. 7 and in consilience with the findings shows the VAR measure for an equalized system using an LS-EQ with L EQ = 2048 at f s = 8 kHz.
in [5, 25] , the variance does not increase once it reaches its maximum value that was calculated to be at about 31 dB in [25] for RIRs. This point is approximately reached at the critical distance as it is shown in Fig. 7 . However, another reason for lower correlations for the spectral measure VAR and SFM may be that they equally judge spectral peaks which are perceived as being very annoying [19] and spectral dips that do not decrease the perceived quality to a great extend. Table 4 shows the correlations of subjective ratings with signal-based objective measures. It can be seen that the signal-based measures show lower correlation to subjective data than the system-based measures. The LPCbased measures outperform purely signal-based measures like the SSRR. By far, the highest correlations are obtained by the measures PSM and PSMt that rely on auditory models. PSMt, in addition to PSM, evaluates short-time behaviour of the correlations of internal signal representations and focuses on low correlations as it is done by human listeners [34] . The auditory-model based measures show even higher correlation than RDT, SRMR and OMCR although the latter were designed to explicitly judge reverberation. The performance of RDT and OMCR measures can be adjusted by changing internal parameters. By this, higher correlation to the specific set of samples can be obtained. However, we used standard values for these parameters given in [30, 32] . Furthermore, it has to be emphasized that the attribute coloration/distortion is most difficult to assess by objective measures at least for the discussed LRC algorithms, since distortions are perceptually relevant and measures like OMCR try to judge coloration effects only (the same holds for the variance measure). They succeed in doing so, but coloration alone is not well correlated to our subjective data due to distortions like late echoes and preechoes which are much more prominent than the coloration effect [37] . As tested measures are incapable to explicitly judge those influences further development of objective measures is required.
CONCLUSION
Objective quality measures were compared to data from subjective listening tests to identify objective measures that can be used to evaluate the performance of listeningroom compensation algorithms. Channel-based measures showed higher correlations between objective and subjective data than most of the tested signal-based measures. However, especially if impulse responses are not properly accessible, e.g. as for dereverberation suppression algorithms, measures that incorporate sophisticated auditory models should be used for quality assessment. The Perceptual Similarity Measure (PSM) showed highest correlations to subjective data. A detailed assessment of coloration effects and distortions that may be introduced by LRC algorithms is a topic for future research. Table 4 : Correlations |ρ| of MOS values of subjective ratings and signal-based objective measures (maxima are indicated in boldface).
